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Fig S1. Plots of the proportion of taxa that are herbaceous vs. A. Minimum latitude, B. Maximum 
latitude, C. Minimum temperature, and D. Minimum precipitation (natural log), E. Maximum 
temperature seasonality, F. Maximum precipitation seasonality. Line thickness denotes number of 
species at that latitude with thicker lines denoting more species (see legend on panel A). To be compared 
with Figure 1 in the main manuscript; qualitatively all trends are identical.  
 
Fig S2. Plots of conduit area versus A. Minimum latitude, B. Maximum latitude, C. Minimum 
temperature, and D. Minimum precipitation (natural log), E. Maximum temperature seasonality, F. 
Maximum precipitation seasonality. Both conduit area and minimum precipitation are natural log 
transformed. Deciduous species are represented by filled circles and evergreen species are represented by 
open circles. The dashed horizontal line is at 0.0015 mm2 (i.e., the 0.044 mm diameter threshold above 
which freezing induced embolisms are believed to become frequent at modest tensions). For point colours 






Table S1 Model comparison predicting growth from latitudinal and environmental range limits. Only a 
single model was found to have a δAIC < 4 during model search; that model (null deviance = 52983, d.f. 
= 39669; residual deviance = 45325; d.f. = 39661) is presented here. All explanatory variables were z-
transformed before analysis to make coefficients directly comparable and facilitate model averaging. All 
estimates are on a logit scale. Note that, because only a single model is presented, no variable importance 
can be calculated (c.f. Table 2).  
 Estimate SE z p 
Intercept 0.66 0.11 5.82 <0.0001 
Minimum temperature -0.08 0.003 -28.54 <0.0001 
Minimum precipitation -0.62 0.0038 -16.25 <0.0001 
Maximum precipitation seasonality -0.008 -0.0009 -9.24 <0.0001 
Maximum temperature seasonality -0.00008 0.000009 -8.38 <0.0001 
Minimum latitude -0.006 0.0007 -8.38 <0.0001 
Minimum latitude2 0.0004 0.00003 11.52 <0.0001 
Maximum latitude 0.009 0.0008 10.44 <0.0001 
Maximum Latitude2 0.0001 0.00003 4.37 <0.0001 
 
Table S2. Model comparison predicting conduit cross sectional area from leaf phenology and 
latitudinal and environmental range limits. All coefficients are AIC-weighted averaged coefficients 
across the eight models with δAIC < 4; the exception to this is “Importance”, which is the percentage of 
models containing a term weighted by the AIC-weight of each model. We did not consider any models 
without an 'intercept' term and so we list its importance as 'NA' rather than '100%'. All explanatory 
variables were z-transformed before analysis to make coefficients directly comparable and facilitate 
model averaging.  
 Estimate SE z p Importance 
Intercept -5.27 0.34 15.67 <0.0001 N/A 
Minimum temperature 0.04 0.01 3.33 0.0009 50% 
Minimum precipitation -0.002 0.003 0.59 0.553 50% 
Maximum precipitation seasonality 0.002 0.003 0.84 0.399 50% 
Maximum temperature seasonality -0.000007 0.00003 0.263 0.793 50% 
Minimum latitude -0.01 0.003 4.07 0.00005 100% 
Minimum latitude2 -0.0006 0.0001 4.84 0.000001 100% 
Maximum latitude 0.003 0.004 0.65 0.518 100% 
Maximum latitude2 -0.0003 0.0001 3.04 0.002 100% 
Phenology 0.71 0.11 6.64 <0.0001 100% 
 
Table S3. Model comparison predicting growth from latitudinal and environmental range limits in 
the 50% of species with the most data on GBIF. All coefficients are AIC-weighted averaged 
coefficients across the six models with δAIC < 4; the exception to this is “Importance”, which is the 
percentage of models containing a term weighted by the AIC-weight of each model. We did not consider 
any models without an 'intercept' term and so we list its importance as 'NA' rather than '100%'. All 
explanatory variables were z-transformed before analysis to make coefficients directly comparable and 
facilitate model averaging. This table should be compared with Table 1 in the main manuscript; critically, 
the most important variable remains minimum temperature. 
 Estimate SE z p Importance 
Intercept -1.12 0.05 22.22 <0.0001 NA 
Minimum temperature -0.77 0.05 14.39 <0.0001 100% 
Minimum precipitation -0.36 0.035 10.20 <0.0001 100% 
Maximum precipitation seasonality -0.05 0.04 1.21 0.023 75% 
Maximum temperature seasonality 0.04 0.05 0.77 0.442 54% 
Minimum Latitude -0.64 0.03 20.14 <0.0001 100% 
Minimum latitude2 0.50 0.04 12.81 <0.0001 100% 
Maximum latitude 0.51 0.03 15.59 <0.0001 100% 
Maximum Latitude2 0.05 0.04 1.20 0.230 100% 
 
Table S4. Model comparison predicting conduit cross sectional area from leaf phenology and 
latitudinal and environmental range limits in the 50% of species with the most data on GBIF. All 
coefficients are AIC-weighted averaged coefficients across the eight models with δAIC < 4; the exception 
to this is “Importance”, which is the percentage of models containing a term weighted by the AIC-weight 
of each model. We did not consider any models without an 'intercept' term and so we list its importance as 
'NA' rather than '100%'. All explanatory variables were z-transformed before analysis to make coefficients 
directly comparable and facilitate model averaging. This table should be compared with Table 2 in the 
main manuscript; critically, the most important variable remains phenology and temperature continues to 
play an important role. 
 Estimate SE z p Importance 
Intercept -5.37 0.17 32.09 <0.0001 NA 
Minimum temperature 0.15 0.21 0.72 0.470 52% 
Minimum precipitation 0.15 0.21 0.72 0.470 22% 
Maximum precipitation seasonality 0.02 0.06 0.32 0.749 29% 
Maximum temperature seasonality -0.15 0.19 0.82 0.415 57% 
Phenology 0.90 0.15 6.12 <0.0001 100% 
Minimum Latitude -0.22 0.09 2.51 0.012 100% 
Minimum latitude2 -0.44 0.14 3.03 0.002 100% 
Maximum latitude -0.61 0.16 3.81 0.0001 100% 
Maximum Latitude2 -0.21 0.08 2.59 0.0096 100% 
  
 
Table S5. Priors on Bayesian Ornstein-Uhlenbeck analysis of log conduit area in response to 
exposure to freezing temperatures.  
Parameter Distribution 
ɑ ~ LogNormal(meanlog = 1, sdlog = 1) 
σ2 ~ Half-Cauchy(scale = 0.1) 
Step functions   
  βleft; βright ~ Uniform(min = -12, max = 0) 
  βcenter ~ Uniform(min = -10, max = 10) 
Sigmoid functions   
  βleft; βright ~ Uniform(min = -12, max = 0) 
  βcenter ~ Uniform(min = -10, max = 10) 
  βslope ~ LogNormal(meanlog = -3, sdlog = 1) 
Linear functions   
  βintercept ~ Normal(mean = -6, sd = 1.5) 
  βslope ~ Normal(mean = 0, sd = 0.1) 
  
 

















Fr. x Phen. OUM 0.025 1.00 0.00 16 0.00 21.75 
Fr. x Phen. OUMV 0.025 0 15.43 1 0.00 37.08 
Fr. x Phen. OUM 0.01 0 18.03 3 0.00 48.91 
Fr. x Phen. OUMV 0.01 0 20.29 3 0.00 52.06 
Fr. x Phen. OUMA 0.025 - 22.57 0 8.65 42.56 
Fr. x Phen. OUMA 0.01 - 28.15 0 2.10 47.71 
Fr. x Phen. OUM 0.05 0 30.28 0 8.46 54.84 
Fr. OUM 0.01 0 38.72 0 12.09 74.61 
Fr. x Phen. OUMV 0.05 0 39.57 0 19.13 66.14 
Fr. OUM 0.025 0 42.10 0 24.51 78.09 
Fr. OUMV 0.01 0 46.21 0 25.81 67.58 
Fr. OUMV 0.025 0 46.80 0 35.29 91.88 
Fr. OUMA 0.025 - 47.97 0 35.29 91.76 
Fr. OUMA 0.01 - 48.41 0 25.93 65.79 
Fr. x Phen. OUMA 0.05 - 49.38 0 20.75 69.45 
Fr. OUMA 0.05 - 71.98 0 46.87 95.13 
Fr. OUMV 0.05 0 73.76 0 45.58 98.84 
Fr. OUM 0.05 0 75.16 0 50.41 96.54 
Fr. x Phen. OUM 0.50 0 133.65 0 111.82 163.63 
Fr. x Phen. OUMV 0.50 0 139.86 0 119.96 159.14 
Fr. x Phen. OUMA 0.50 - 152.44 0 135.40 162.16 
Fr. OUM 0.50 0 157.63 0 144.24 183.79 
Fr. OUMV 0.50 0 161.58 0 138.34 180.67 
Fr. OUMA 0.50 - 161.92 0 140.36 182.58 
Fr. x Phen. OUMA 0.975 - 191.33 0 191.33 191.33 
Fr. x Phen. OUM 0.95 0 196.05 0 182.09 224.98 
Fr. x Phen. OUMA 0.95 - 196.80 0 188.46 200.04 
Fr. OUM 0.95 0 197.32 0 176.06 227.34 
 
Fr. x Phen. OUM 0.975 0 198.13 0 179.24 228.90 
Fr. OUMV 0.95 0 198.79 0 177.64 232.51 
Fr. OUMA 0.95 - 199.43 0 180.22 232.37 
Fr. x Phen. OUMV 0.975 0 200.86 0 185.73 225.55 
Fr. x Phen. OUMV 0.95 0 201.20 0 184.94 217.67 
Fr. OUM 0.975 0 202.33 0 177.53 239.16 
Fr. OUM 0.99 0 202.36 0 184.58 236.80 
Fr. OUMV 0.99 0 202.46 0 187.45 228.08 
Fr. x Phen. OUM 0.99 0 202.97 0 183.10 230.50 
Fr. OUMA 0.99 - 203.69 0 187.50 227.10 
Fr. OUMA 0.975 - 205.93 0 174.13 231.67 
Fr. x Phen. OUMV 0.99 0 206.02 0 187.58 226.97 
Fr. OUMV 0.975 0 207.33 0 174.41 231.38 
Phenology OUMV - 0 208.13 0 195.70 237.41 
Phenology OUMA - - 208.28 0 193.28 241.17 
 OU1 - 0 215.67 0 199.71 242.87 
Phenology OUM - 0 216.27 0 200.61 244.90 
Fr. x Phen. BMS 0.025 0 430.15 0 388.58 498.91 
Fr. x Phen. BMS 0.05 0 432.89 0 404.52 491.79 
Fr. x Phen. BMS 0.01 0 437.51 0 388.29 516.57 
Fr. x Phen. BMS 0.975 0 527.23 0 511.42 549.66 
Fr. x Phen. BMS 0.50 0 530.51 0 480.88 554.58 
Fr. x Phen. BMS 0.99 0 544.78 0 517.43 579.91 
Fr. x Phen. BMS 0.95 0 546.48 0 527.28 562.77 
Phenology BMS - 0 547.49 0 516.69 576.85 
Fr. BMS 0.01 0 553.48 0 520.14 593.51 
Fr. BMS 0.05 0 554.92 0 510.37 595.16 
Fr. BMS 0.50 0 557.56 0 522.96 598.42 
Fr. BMS 0.025 0 563.53 0 520.29 598.39 
Fr. BMS 0.95 0 574.69 0 556.23 610.18 
Fr. BMS 0.975 0 580.90 0 567.49 607.93 
Fr. BMS 0.99 0 586.07 0 571.29 611.48 
 BM1 - 0 588.38 0 572.42 615.58 
* Fr. - Freezing/Not-freezing habitat; Phen. - Leaf phenology (Deciduous/Evergreen)  
† Summed over stochastic character maps, but not including OUMA models (which had too many failed 
optimizations to include). 
§ Number of stochastic character maps for which the specified model was found to have a dAICc < 2 
from the best model. 
 
Table S7. Median [Minimum, Maximum] Maximum Likelihood parameter estimates for best-
fitting OUM Freezing x Phenology model using tmin.025 to designate Freezing exposure across 20 
stochastic character maps. 
Parameter Value 
Phylogenetic half-life 0.0019 [0.0019, 0.0019] my 
sigma^2 914.0 [849.3, 961.4] log mm^2/my 
Opt D & Fr* 0.0486 [0.0466 ,0.0515] mm 
Opt D & NFr* 0.093 [0.081 ,0.106] mm 
Opt Ev & Fr* 0.0231 [0.0222 ,0.0245] mm 
Opt Ev & NFr* 0.0729 [0.0708 ,0.0761] mm 
* Optima are converted to diameters on the raw scale to facilitate comparison to the 0.044 mm diameter 
threshold for freezing embolisms, but model was fit to log conduit area (assuming circular conduits).  
  
 
Table S8. Model selection when modeling continuously varying optima for conduit area ~ minimum 












All Step 0.00 47.11 23.91 72.97 0 
  Step 0 0.00 45.11 21.91 70.97 0 
  Sigmoid 0.34 1.82 0.00 18.05 14 
  Sigmoid 0 0.38 0.01 0.00 4.71 49 
  Linear 0.07 0.75 0.00 12.22 30 
  Step 
Linear 
0.21 2.82 0.00 10.02 7 
Evergreen Step 0.00 44.94 29.06 67.74 0 
  Step 0 0.00 42.94 27.06 65.74 0 
  Sigmoid 0.71 0.89 0.00 3.34 30 
  Sigmoid 0 0.29 0.00 0.00 3.89 62 
  Linear 0.00 4.22 0.00 27.52 7 
  Step 
Linear 
0.00 4.97 0.00 11.85 1 
Deciduous Step 0.00 12.95 0.00 26.66 2 
  Step 0 0.00 16.23 2.70 33.65 0 
  Sigmoid 0.12 3.17 0.00 5.53 3 
  Sigmoid 0 0.26 1.60 0.00 2.42 12 
  Linear 0.44 0.00 0.00 3.88 83 
  Step 
Linear 
0.18 3.69 0.93 6.82 0 
  
 
 Table S9. Parameter estimates for Maximum Likelihood estimation of continuously varying 
optima for log conduit area ~ minimum temperature across 100 simmap reconstructions. 





Function coefficients  
(median [2.5th q, 97.5th q]) 
All Sigmoid 14 0.54 [1.09 ,0.44] 3.5 [1.92 ,4.54] βleft = -1.72 [-3.53 ,0]  
βright = -5.76 [-8.05 ,-3.46] 
βcenter = 9.51 [4.05 ,17.9] 
βslope = 0.00773 [0.00547 ,0.0146] 
  Linear 30 0.52 [1.72 ,0.43] 3.91 [1.21 ,4.54] βintercept = -5.58 [-5.63 ,-5.52] 
βslope = 0.00821 [0.00766 ,0.00874] 
  Sigmoid0 49 0.54 [1.15 ,0.42] 3.8 [1.72 ,4.54] βleft = -3.61 [-4.11 ,-2.99] 
βright = -3.96 [-5.22 ,-3.06] 
βslope = 0.0107 [0.00751 ,0.0158] 
  Step 
Linear 
7 0.59 [1.02 ,0.43] 3.47 [1.97 ,4.54] βleft = -5.55 [-5.59 ,-5.54] 
βright = 0.278 [0.218 ,0.332] 
βcenter = -0.672 [-0.872 ,0.773] 
βslope = 0.00611 [0.00538 ,0.00684] 
Ev Sigmoid 30 0.46 [0.59 ,0.39] 4.54 [3.17 ,4.54] βleft = -4.23 [-4.55 ,-3.86] 
βright = -4.09 [-4.73 ,-3.31] 
βcenter = -2.95 [-4.28 ,-1.94] 
βslope = 0.0171 [0.0132 ,0.0247] 
  Linear 7 0.45 [0.53 ,0.43] 4.54 [3.72 ,4.54] βintercept = -5.87 [-5.92 ,-5.86] 
βslope = 0.0114 [0.0111 ,0.0121] 
  Sigmoid0 62 0.45 [0.6 ,0.38] 4.54 [3.22 ,4.54] βleft = -3.6 [-4.15 ,-2.66] 
βright = -4.65 [-6.52 ,-3.47] 
βslope = 0.0128 [0.00827 ,0.0207] 
  Step 
Linear 
1 0.42 4.54 βleft = -5.86 
βright = 0.368 
βcenter = -0.137 
βslope = 0.00794 
D Sigmoid 3 3.54 [4.79 ,0.29] 0.39 [0.32 ,4.54] βleft = -3.96 [-4.25 ,-3.79] 
βright = -2.73 [-3.23 ,-2.43] 
βcenter = -5.22 [-5.91 ,-3.84] 
βslope = 0.0235 [0.0162 ,0.0238] 
  Step 2 5.74 [7.46 ,4.67] 0.28 [0.22 ,0.35] βleft = -6.41 [-6.42 ,-6.4] 
βright = -4.54 [-4.61 ,-4.46] 
βcenter = -7.93 [-7.93 ,-7.93] 
  Linear 83 3.4 [7.65 ,0.31] 0.44 [0.21 ,4.54] βintercept = -5.09 [-5.18 ,-4.96] 
βslope = 0.00769 [0.00673 ,0.00893] 
 
  Sigmoid0 12 4.21 [7.28 ,0.4] 0.32 [0.21 ,3.66] βleft = -3.36 [-3.78 ,0] 
βright = -3.45 [-10 ,-2.63] 
βslope = 0.013 [0.00337 ,0.0217] 
 
* Phylogenetic half-life and σ2 sometimes hit the bounds during optimization. This occurs when half-life drops so low that the 
model predicts a white-noise model of evolution. At this point, half-life and σ2 become non-identifiable and the likelihood surface 
essentially flat for these two parameters. We therefore bounded our search, resulting in some runs hitting the bounds (but 






Methods S1. Accounting for sampling bias in GBIF.	
GBIF is a global dataset and, while vast in scope, by necessity does not contain equal observations of all 
species. To account for the potential effects of this on the models we fit in the main text, we repeat here 
all macroecological analyses across the half of species in the dataset with the most observations (i.e., the 
species with a number of observations greater than or equal to the median number of observations in the 
dataset; Figs S1 and S2 and Tables S3 and S4). We emphasise that the results likely ignore species with 
restricted ranges, since all else being equal we would expect them to be observed less in GBIF. Thus we 
are reticent to ascribe the small quantitative differences between these results and those presented in the 
main text as solely related to sampling effects.
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Summary 34 
1. Nonlinear relationships between species and their environments are believed common in 35 
ecology and evolution, including during angiosperms’ rise to dominance. Early 36 
angiosperms are thought of as woody evergreens restricted to warm, wet habitats. They 37 
have since expanded into numerous cold and dry places. This expansion may have 38 
included transitions across important environmental thresholds.   39 
2. To understand linear and nonlinear relationships between angiosperm structure and 40 
biogeographic distributions, we integrated large datasets of growth habits, conduit sizes, 41 
leaf phenologies, evolutionary histories, and environmental limits. We consider current-42 
day patterns and develop a new evolutionary model to investigate processes that created 43 
them.  44 
3. The macroecological pattern is clear: herbs had lower minimum temperature and 45 
precipitation limits. In woody species, conduit sizes were smaller in evergreens and 46 
related to species’ minimum temperatures. Across evolutionary timescales, our new 47 
modeling approach found conduit sizes in deciduous species decreased linearly with 48 
minimum temperature limits. In contrast, evergreen species had a sigmoidal relationship 49 
with minimum temperature limits and an inflection overlapping freezing.  50 
4. These results suggest freezing represented an important threshold for evergreen but not 51 
deciduous woody angiosperms. Global success of angiosperms appears tied to a small set 52 
of alternative solutions when faced with a novel environmental threshold. 53 
 54 
Key-words: Angiosperms, Conduit size, Environmental limits and thresholds, Growth form, Leaf 55 
phenology, Macroevolution, Minimum temperature, Nonlinearity 56 
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Introduction 58 
A plant’s structural characteristics determine the size of the spatial and temporal windows over 59 
which it experiences its local environment. Small ephemeral herbs may live their short lives 60 
between challenging events -- fires, physical disturbances, droughts, or annual freezes -- but such 61 
short lifespans preclude tall stature. Tall woody trees are successful competitors for light across 62 
much of the world, maintaining an aboveground presence across years and changing 63 
environments (Schippers et al., 2001; Westoby et al., 2002). Running between these extremes is 64 
the breadth of morphologies that constitute our modern flora (Moles et al., 2009; Cornwell et al., 65 
2014). The ability of plants with different body plans to tolerate changing environments 66 
determines where and when we see them. 67 
 While much of the variation in critical traits underpinning plant ecological strategies may 68 
be continuous (e.g., adult height), other key properties contain obvious discontinuities. For 69 
example, transitions between woody and herbaceous stems, annual and perennial life histories, 70 
and deciduous and evergreen habits are abrupt (even while intermediate forms exist) and suggest 71 
critical change points (thresholds) in how organisms adapt to a given set of conditions. 72 
Understanding when, where and why these change points occur is a vital question to be addressed 73 
in macroevolution and macroecology (Brown, 1984; Ogle & Reynolds, 2004; Tomkins & Hazel, 74 
2007; Andersen et al., 2009). However, current methods in comparative biology are poorly suited 75 
to detecting these transitions. Rather, most methods either require researchers to discretize traits a 76 
priori (Lewis, 2001; Felsenstein, 2012) or examine simple linear relationships between 77 
continuous predictors and traits (Butler & King, 2004; Hansen et al., 2008). In this manuscript, 78 
we introduce a novel approach to detecting nonlinear relationships between environment and 79 
traits (i.e., abrupt changes in species distributions and trait values) that allows researchers to test 80 
for change points and directly estimate their values in an adaptive evolutionary framework. 81 
  In considerations of species’ trait responses to environmental pressures, an additional 82 
dimension in any comparative analysis is how to represent the environmental space a species 83 
inhabits (Brown, 1984). In most cases, a given species exists across a range of spatial and 84 
temporal environments; existence of range limits themselves suggests nonlinear responses of 85 
species to their environments (Whittaker, 1965; Bridle & Vines, 2007). There has been debate as 86 
to degree to which a species’ presence in a given location is driven by average versus extreme 87 
environmental conditions at that place (Gutschick & BassiriRad, 2003; Lloret et al., 2012; Coyle 88 
et al., 2013; Coyle & Hurlbert, 2016). However, focusing on distribution of a species, and not the 89 
species at a specific location, offers hope of synthesising across biogeography, macroecology and 90 
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macroevolution. Biogeographers and other modellers of species’ ecological niches focus on 91 
limits, not average conditions, to understand how species’ tolerances are shaped by their 92 
structural features and further filtered by biotic interactions (Soberón & Nakamura, 2009; Araújo 93 
& Peterson, 2012). Macroevolutionary biologists, by comparison, often examine species’ average 94 
tolerances or environmental conditions (Felsenstein et al., 2008). Focusing on modelling limits 95 
rather than averages (or central tendencies) offers hope of resolving this ongoing tension by 96 
focusing modelling efforts on the same properties across ecological and evolutionary studies. 97 
 By exploring which species had minimum temperature range limits crossing the freezing 98 
threshold, Zanne et al. (2014) identified three functional traits that likely facilitated radiation of 99 
angiosperms (flowering plants) from their beginnings in warm wet tropics into freezing 100 
environments. We focus on the same traits here: size of water-conducting conduits (average cross 101 
sectional area of vessels and tracheids in wood), leaf phenology (evergreen vs. deciduous), and 102 
growth habit (woody vs. herbaceous). Earliest angiosperms were probably woody trees with 103 
evergreen leaves and a vascular water-transport network with larger conduits than their 104 
gymnosperm relatives (Sinnott & Bailey, 1915; Wing & Boucher, 1998; Feild et al., 2004).  105 
Large conduits allow for fast flow rates as flow increases to the 2nd power of conduit 106 
cross sectional area (and 4th power of conduit diameter), but larger conduits have a greater risk of 107 
embolism formation (air bubbles blocking the vascular stream) in freezing (as air comes out of 108 
solution during freeze-thaw) and possibly drought (as air is drawn into water-conducting conduits 109 
through pit pores via air seeding) (Tyree & Zimmermann, 2002). Embolisms are a critical 110 
determinant of plant success as they can lead to loss of hydraulic and therefore photosynthetic 111 
function; when “run-away” emboli spread between adjacent files of conduits, plant death may 112 
even occur (Tyree & Sperry, 1989; Tyree & Ewers, 1991; Cochard et al., 1996). While we lack a 113 
complete understanding of embolism risk (Charrier et al., 2017), evidence suggests 0.044 mm 114 
conduit diameter (or 0.0015 mm
2
 cross sectional area, assuming circular conduits) forms a 115 
boundary above which conduits are more prone to freezing-induced embolisms at modest water 116 
tensions (Davis et al., 1999): larger conduits allow more air bubbles to coalesce, increasing risk 117 
that they fill the conduit causing an embolism. To avoid freezing, some lineages of woody 118 
evergreen species may have evolved an herbaceous habit (Judd, 1994; Zanne et al., 2014). In 119 
lineages that remained woody, it may be that many became deciduous, losing their leaves 120 
annually to avoid cold, or produced small conduits - i.e., <0.044 mm - to persist through cold, 121 
embolism free. Direct links between conduit size and risk of drought-induced embolisms are less 122 
clear theoretically and not well supported empirically, although greater vulnerability in larger 123 
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conduits has sometimes been reported (Tyree & Zimmermann, 2002). 124 
 Existence of such precise a priori biophysical limits to conduit size (at least with colder 125 
temperatures) with clear consequences for other structural traits allows us to set up tests at 126 
macroecological and macroevolutionary scales to examine importance of ecological limits and 127 
change-point relationships in shaping trait-environment relationships. First, we performed a set of 128 
macroecological analyses to detect predictors of herbaceousness and, for woody species, conduit 129 
size for species at limits of their biogeographic ranges and with different leaf phenologies. 130 
Building from these results, we explored macroevolution of conduit size in woody plants in 131 
concert with leaf phenology and minimum temperature across species’ range limits. Both leaf 132 
phenology and minimum temperature help define the “adaptive regime” for a given lineage, 133 
which is a set of  (admittedly incomplete) predictor traits mapped on the phylogeny and used to 134 
reconstruct and assign lineages into discrete categorizations. These regimes attempt to capture the 135 
essence of shifts in Simpsonian adaptive zones on phylogenies (Simpson, 1944; Hansen, 1997). 136 
However, when determining what predictors should be used to define regimes, it can be unclear 137 
what quantile of a species’ environmental range best captures the limit to which species are 138 
responding. In combination with leaf phenology, we therefore examined a range of minimum 139 
temperature quantiles (from lower limits when species are infrequent to central tendencies to 140 
upper limits as species are frequent at that minimum temperature) to best predict evolution of 141 
conduit size. Then, using a novel macroevolutionary analysis, we tested functional form of the 142 
relationship between minimum temperature and conduit size to determine whether freezing 143 
imposes a nonlinear shift in tempo and mode of plant trait evolution. By framing our approach in 144 
terms of limits of species’ niches, we provide an integrative description of ecological and 145 
evolutionary responses of plant species to avoid or persist through environmental extremes.  146 
 147 
Materials and Methods 148 
Traits 149 
Growth habits were taken from the Global Woodiness Database (Cornwell et al., 2013). For this 150 
study, only data for angiosperms with either woody or herbaceous growth habit were examined, 151 
excluding taxa considered variable or ambiguous. For woody taxa, species’ mean cross sectional 152 
conduit area (A) was extracted from the angiosperm Global Vessel Anatomy Database (Zanne et 153 
al., 2010). Conduit area was natural log transformed in all analyses. Species leaf phenologies 154 
(deciduous, evergreen, variable) were taken from the Global Leaf Phenology Database (Wright et 155 
al., 2014). Species with variable leaf phenologies were excluded from analyses.  156 
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 157 
Latitudinal and environmental limits 158 
To determine extremes of geographic and environmental ranges that species occupy, we 159 
downloaded all geo-referenced ‘human observations’ (observations without accompanying 160 
vouchered specimens) of plants without spatial issues from the Global Biodiversity Information 161 
Facility (GBIF, 2017). These records are cleaned by GBIF excluding all common spatial issues 162 
such as duplicate records, swapped latitude/longitude, imprecise locations (e.g., integer), and 163 
locations recorded on water. Taxonomic names of these records were harmonized with The Plant 164 
List (http://www.theplantlist.org/) using code provided from taxon-name-utils (Schwilk, 2017). 165 
To check known geographic and environmental distributions against recovered values, maps of 166 
major clade distributions (mostly families) were manually compared with prior expectations 167 
based on expert opinion (D. Tank and P. Stevens pers. comm.), natural history knowledge, and 168 
distribution maps (Stevens, 2001). Species-level estimates of environmental variables (see below) 169 
were also compared with expectations based on natural history knowledge. To address concerns 170 
that species distributions are influenced by records tied to herbaria, environmental variables were 171 
calculated while masking records found within 10 km of herbaria in the Index Herbariorum 172 
(http://sweetgum.nybg.org/science/ih/); as these were strongly correlated with uncorrected 173 
estimates (r
2
 > 0.95), estimates with all records, including those near herbaria, were used. 174 
  All georeference locations were queried against Worldclim (Hijmans et al., 2004) 5-arc 175 
minute resolution Bioclim data products to determine point location estimates of temperature and 176 
precipitation and derived “bioclimatic” variables, averaging across monthly ‘current’ (~1960-177 
1990) conditions. We expected minimum temperature and precipitation and maximum 178 
seasonality in these variables might impose important limits on species distributions and trait 179 
values. For each species binomial, we extracted maximum precipitation seasonality (coefficient 180 
of variation; BIO15), maximum temperature seasonality (standard deviation*100; BIO4), 181 
maximum latitude, minimum latitude, minimum annual temperature (BIO6) and minimum annual 182 
precipitation (BIO14; natural-log transformed after adding Euler’s constant to make values of 0 183 
meaningful). For macroecological analyses for each variable, we defined ‘maximum’ to be the 184 
97.5th quantile and ‘minimum’ to be the 2.5th quantile across georeferenced locations for each 185 
species. For macroevolutionary analyses, we calculated multiple quantiles (1st, 2.5th, 5th, 50th, 186 
95th, 97.5th, 99th) to assess whether quantitative differences in the value produced qualitatively 187 
different results. The resulting matrix contained values for the various indices of geographic and 188 
environmental extremes, phenology (evergreen/deciduous), growth habit (woody/herbaceous), 189 
Page 6 of 35New Phytologist
7 
and average conduit cross sectional area for 39,670 species binomials. All species contained 190 
records for growth form, georeference and environmental extremes but not for conduit size and 191 
phenology, as these were smaller datasets. For analyses, the dataset was trimmed to just 192 
angiosperms (Angiospermae; 37,783 species), except to display ancestral state reconstructions of 193 
freezing exposure (Figure 1), which we display for all land plants (Embryophyta).  194 
 195 
Analyses 196 
Analyses were done in three phases, which we describe below.  197 
 198 
Macroecological analyses. In phase 1, we ran logistic and linear regressions with an information-199 
theoretic model-comparison framework (Burnham & Anderson, 2003) to explore relative 200 
importance of geographic and environmental limits (i.e., minimum temperature, minimum 201 
precipitation, maximum temperature seasonality, maximum precipitation seasonality, and 202 
maximum and minimum latitude) in explaining growth habit and conduit size, respectively. We 203 
included leaf phenology in models predicting conduit size. We fit all possible combinations of 204 
additive models of explanatory variables and, where latitude was present, only included squared 205 
terms (to account for symmetric relationships across hemispheres). We report results from 206 
regressions conducted on models where all explanatory variables were z-transformed (to make 207 
coefficients directly comparable; see Gelman et al., 2014) in the main text, but in Supporting 208 
Information (Tables S1 and S2), we report models with raw coefficients (whose results are 209 
quantitatively identical). While we acknowledge our explanatory variables are correlated, by 210 
comparing relative fit of multiple models with differing combinations of explanatory variables, 211 
we mitigated some of this potential bias. Scripts for macroecological analyses can be found at 212 
(https://github.com/Zanne-Lab/vessel_extremes). 213 
Substantial variation exists in number of records in GBIF for each species (median = 76, 214 
s.d. = 739.88). In Supporting Information (Figs S1 and S2, Tables S3 and S4, Methods S1), we 215 
present additional analyses we performed to verify that variation in sampling does not bias our 216 
results. We did not control for spatial autocorrelation beyond including latitude in analyses. 217 
While we acknowledge this potential source of error, we emphasise that we modelled range 218 
limits, not distributions or points in space; as such, it is unclear how we would statistically 219 
account for potential biases. We do include latitude in models to control for potential 220 
confounding spatial effects. Additionally, we did not include more predictor variables in 221 
macroevolutionary analyses because computational limitations mean that modern comparative 222 
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methods cannot be applied to a dataset of this size (37,783 species). Instead of applying older 223 
methods whose interpretations are limited and still difficult to fit (e.g., independent contrasts; see 224 
Felsenstein, 1985), we take the approach of examining broad macroecological patterns in our data 225 
and applying cutting-edge macroevolutionary techniques to a carefully chosen subset of the data 226 
about which we can make strong inference (see below). 227 
 228 
Macroevolutionary analyses. In phase 2, based on results from the Macroecological analyses and 229 
past research (Zanne et al., 2014), we explored multivariate species’ trait responses to minimum 230 
temperature limits. We joined our combined trait database with the phylogeny from (Tank et al., 231 
2013) that includes representatives from across land plants (embryophytes) and visualized the 232 
history of invasion of freezing habitats across species using a simple Brownian Motion 233 
reconstruction of minimum temperature at the 2.5th quantile. We included all land plants 234 
(including non-vascular outgroups) to improve visualization and estimation of the phylogenetic 235 
history of freezing exposure. While more sophisticated reconstructions may change results and 236 
we have not fully accounted for substantial uncertainty inherent in reconstructing ancestral states 237 
over millions years of evolution history, our goal was simply to visualize across angiosperms the 238 
distribution of clades invading freezing habitats.   239 
For analyzing trait evolution, we used phylogenetic comparative models of adaptation, 240 
i.e., Ornstein-Uhlenbeck, which are well suited for testing hypotheses regarding constraints and 241 
adaptive shifts. These are in contrast to Brownian Motion models, which describe unconstrained 242 
evolution of traits without long-term adaptation to any particular phenotypic state. First, we 243 
analyzed evolution of log-transformed conduit area by using a model selection framework in 244 
which different adaptive regimes (i.e., categorical reconstructions of adaptive conditions) were 245 
painted on the phylogeny based on alternative hypothesized factors driving trait evolution. We 246 
used the software package OUwie (Beaulieu et al., 2012) to test a range of models and predictors 247 
for their influence on conduit size. As it is unclear what quantile best captures environmental 248 
limits to which species are responding, we started by determining the best combinations of 249 
predictors of conduit size, using a range of minimum temperature quantiles in combination with 250 
leaf phenology. For each model, we assigned species to freezing-exposed (F) or freezing-251 
unexposed (NF) exposed states based on each of 8 temperature quantiles (1st, 2.5th, 5th, 50th, 252 
95th, 97.5th, 99th). In addition, we tested for effect of evergreen (EV) and deciduous (D) leaf 253 
phenologies on conduit size. Finally, we tested 4 state models where these two factors were 254 
combined (EV_F, EV_NF, D_F, D_NF). For each assignment of predictor states, we 255 
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reconstructed 20 stochastic character mappings of trait history across the tree using the phytools 256 
(Revell, 2012) function make.simmap with Bayesian Markov chain Monte Carlo (MCMC) 257 
sampling under the best-fitting model (either equal transition rates (ER) or "all-rates different" 258 
(ARD)) with a prior on transition rates set as a gamma distribution with β = 0.1 and a mean equal 259 
to the empirical Maximum Likelihood estimate of the Q matrix.  260 
We fit alternative models to each history and regime painting to test hypotheses regarding 261 
whether freezing changed optimal conduit size and, particularly, strength of constraints around 262 
that conduit size. To do so, we tested multi-optima Orstein-Uhlenbeck (OU) models (OUM) 263 
against OU models that allow for changes in the optimal trait value, as well as changes in width 264 
of an adaptive regime (OUMA and OUMV). For example, OUMA allows for changes in the 265 
value of strength of adaptation across predictor states, with stronger values of alpha representing 266 
increased pull toward an optimum. Similarly, OUMV considers alpha constant, but allows the 267 
Brownian rate parameter sigma^2 to vary across predictor states, enabling some states to have 268 
more rapid evolution and therefore wider adaptive regimes than others. We chose to omit 269 
OUMVA as these tend to have frequent numerical errors when using OUwie and can be difficult 270 
to interpret. Multi-optimum OU models were compared against a single-rate Brownian Motion 271 
models (BM1), a single-optimum OU model, and generalized Brownian Motion models that 272 
allow different rates in different predictor states (BMS). Each model was fit using Maximum 273 
Likelihood and models were compared using corrected Akaike Information Criteria (AICc). A 274 
total of 1,362 models were fit (BM1 + OU1 + 20 stochastic maps * 4 models (OUM, OUMV, 275 
OUMA, BMS) * 17 predictors (phenology + 8 freezing quantiles + 8 freezing 276 
quantiles/phenology combinations)). Models were summarized by calculating difference between 277 
AICc scores of each model fit and lowest AICc score (dAICc) for each stochastic map. We then 278 
compared distributions of dAICc for each model across all stochastic maps. 279 
Our goal was to examine shifts between two continuous variables, minimum temperature 280 
and conduit size; however, the OUwie approach requires discretization of continuous 281 
temperatures into a few categories leading to substantial loss of information about response of 282 
conduit size to temperature. In phase 3 to overcome this challenge, we developed a novel method 283 
for estimating a continuous functional form between minimum temperature and value of optimum 284 
conduit size in an OU model accounting for phylogenetic history and uncertainty in 285 
reconstruction of past temperature conditions for each lineage. 286 
First, we took the best-fitting temperature quantile from OUwie analyses and discretized 287 
it into 10 equally spaced bins spanning the range of trait values in the data. We then fit an Mk 288 
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model (Lewis, 2001) in which transitions are only allowed between neighboring bins (‘meristic’ 289 
model). For simplicity and to ease parameter estimation, we assumed transition rates between all 290 
adjacent bins were equal, with all other transition rates being 0. The model was fit in the R 291 
package diversitree (FitzJohn, 2012) and Maximum Likelihood parameter estimates were used to 292 
generate 100 stochastic character maps using make.simmap (Revell, 2012), reconstructing a semi-293 
continuous history of past temperature regimes across the tree. We used customized scripts to 294 
modify the R package bayou (Uyeda & Harmon, 2014) to calculate optima values as a 295 
deterministic function of minimum temperature. We tested linear, sigmoidal, step, and linear-step 296 
functions in which the midpoint of each bin is used to predict the optimum value for a given 297 
regime (Boucher et al., 2017). Rather than needing to estimate 10 independent optimum values 298 
for each temperature regime, our method estimates only parameters of the specified function 299 
(e.g., a linear function requires estimation of βintercept and βslope to completely define optimum 300 
values for conduit size at each temperature). We tested these models in Bayesian and Maximum 301 
Likelihood frameworks. First, we ran Bayesian analyses for linear, sigmoidal and step functions 302 
using uniform priors for location parameters and normal or log-normal distributions for slope 303 
parameters (Supporting Information Table S5). Each MCMC was run for 100,000 generations 304 
with stochastic mappings sampled throughout the MCMC. We discarded initial 30% of the chain 305 
as burn-in. 306 
In addition, we tested the same models using a Maximum Likelihood model selection 307 
framework as in OUwie analyses. The models tested include functions below: 308 
 309 
linear   βintercept + βslopex  310 
sigmoid   βleft + βright / (1+ e
−βslope (x−βcenter ))  311 
sigmoid0   βleft +βright / (1+ e
−βslope (x−0)) 312 
step    if (x > βcenter )βright  313 
    if (x < βcenter )βleft  314 
step0    if (x > 0)βright  315 
    if (x < 0)βleft   316 
linear step   βintercept + βslopex+ βright tanh(x − βcenter )  317 
 318 
We used the function nlminb in the stats package in R with bounds to optimize all models 319 
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and starting points randomly drawn from MCMC chains obtained above. We optimized each 320 
model across all 100 stochastic character maps. We summarized across stochastic maps using two 321 
approaches. First, we estimated Akaike weights for each model and map combination and 322 
summed across models. Second, we calculated dAICc values for each map and compared 323 
distributions of dAICc across models. Because of complexity of modeling both transitions 324 
between our discretized temperature traits and phenological states, we repeated analyses, dividing 325 
data into two datasets containing only evergreen and only deciduous species. Although this 326 
method assumes evergreen and deciduous species never transition between character states (an 327 
assumption certainly violated), modeling both transitions between discretized temperature states 328 
and phenology would result in transition matrices too large to be computationally tractable (at 329 
least in current implementations in R). We therefore used the simplifying assumption that effects 330 
of evolutionary lags resulting from transitions between phenology states were sufficiently rapid to 331 
be ignored (supported by our estimates of rapid phylogenetic half-lives in models we analyzed). 332 
Scripts for macroevolutionary analyses can be found at (https://github.com/Zanne-333 
Lab/vessel_extremes).  334 
 335 
Results 336 
Macroecological analyses:  337 
In phase 1 in our model comparison framework, the strongest predictor of the proportion of 338 
herbaceous species in a flora was minimum temperature (negatively related) (Table 1, Figure 1). 339 
Both maximum temperature seasonality and minimum precipitation were the next strongest 340 
environmental predictors (both negatively related; Table 1, Figure 1d,e) while maximum 341 
precipitation seasonality showed the weakest but still significant correlation (negatively related; 342 
Table 1, Figure 1f). Negative associations between herbaceousness and maximum seasonality of 343 
temperature and precipitation reflect abilities of our models (but not our figures) to disentangle 344 
strong correlations among predictor variables. Minimum temperature was strongly negatively 345 
correlated with maximum seasonality of temperature (Pearson’s r=-0.90; t39668 = -422.34; 346 
p<0.0001), as was minimum precipitation with maximum seasonality of precipitation (Pearson’s 347 
r=-0.82; t39668 = -287.77; p<0.0001). Of all models, the one containing all terms had the best AIC, 348 
and no other model had an AIC value within 4 units (Table 1, Figure 1). As described in 349 
Methods, we included a squared term for maximum latitude to be conservative, but its retention 350 
should not affect model results, as we are essentially reporting the maximal model (Whittingham 351 
et al., 2006). These results suggest temperature and precipitation were both related to species’ 352 
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growth form, as well as additional additive terms captured by latitude. Proportion of 353 
herbaceousness increased in species with limits close to the poles. Rapid shifts from a woody to 354 
herbaceous dominated flora occurred as latitudinal ranges shifted out of tropics, as well as when 355 
species’ environmental limits shifted below freezing (Figure 1 a-c).  356 
 While fewer predictors were significant across all models when conduit size was the 357 
response (Table 2, Figure 2), the model containing all terms again had the best AIC value, 66.68 358 
AIC units greater than the next best. For conduit size, leaf phenology was the strongest predictor 359 
with deciduous species having larger conduits than evergreen. Minimum temperature was the 360 
only significant environmental predictor (positively related; Table 2, Figure 2c). Minimum 361 
precipitation and maximum seasonality of temperature were weakly negatively related, while 362 
maximum seasonality of precipitation was weakly positively related. For species with minimum 363 
temperature limits above freezing, both evergreen and deciduous species had large variation in 364 
conduit size; however, below freezing limits, evergreen species had smaller conduits than 365 
deciduous (Figure 2c). Few deciduous species were found at higher minimum precipitation limits 366 
~>40 mm (Figure 2d). All representations of latitude except minimum latitudinal limits were 367 
significant (Table 2, Figure 2a,b) with conduit size decreasing in species with latitudinal limits 368 
close to the poles. Large drops in conduit size occurred in both hemispheres for species with 369 
range limits outside of the tropics. These results again suggest that spatial distribution of species 370 
was independent from selected environmental limits when predicting conduit size.  371 
 372 
Macroevolutionary analyses:  373 
In phase 2, ancestral reconstruction of species’ with minimum temperature limits in freezing 374 
environments suggested only some lineages were able to invade cold (Figure 3). OUwie analyses 375 
found that best-fitting models were those with four distinct adaptive regimes corresponding to 376 
combinations of phenology and lowest quantiles of temperature exposures (1st (tmin.01) and 377 
2.5th (tmin.025), Figure 4). Furthermore, OUM models performed as well, if not better, than 378 
more complex OUMV and OUMA models using AICc (Supporting Information Table S6, Figure 379 
4). Parameter estimates were highly consistent across simmap reconstructions, with evergreen 380 
species having a lower optimum for conduit size than deciduous and freezing-exposed species 381 
having a lower optimum for conduit size than freezing-unexposed (Supporting Information Table 382 
S7, Figure 5). Differences between optima appeared roughly additive and without interactions. 383 
For example for the 1st quantile, transition from freezing unexposed to freezing exposed (NF → 384 
F) resulted in increases in optimal conduit area (2.13 and 2.12 log conduit units (mm
2
) for 385 
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deciduous and evergreen species, respectively). Similarly, transitions from deciduous to 386 
evergreen leaf phenology (D → EV) decreased optimal conduit area by 0.54 log conduit units 387 
(mm
2
) for both freezing-exposed and freezing-unexposed species. 388 
In phase 3, using our novel approach to test alternative functional relationships between 389 
minimum temperature and adaptive optima in conduit size, we found evidence across the dataset 390 
for a sigmoidal relationship between minimum temperature and natural log of conduit cross 391 
sectional area using both Akaike weights (AICw_sigmoid = 0.34, AICw_sigmoid0 = 0.38, 392 
AICw_stepLinear = 0.21, AICw_linear = 0.07) and dAIC values (median dAICc_sigmoid0 = 393 
0.01, median dAICc_sigmoid = 1.82, median dAIC_linear = 0.75, median dAIC_stepLinear = 394 
2.82 ) (Supporting Information Table S8, Figure 6). That the sigmoid0 model fit nearly as well as 395 
the sigmoid model with an unconstrained center suggests the transition occurs at or near 0°C 396 
(when freely estimated, we estimated a 95% HPD for the location of the center was between -4.1 397 
and 8.2°C). Furthermore, while sigmoidal models had the strongest relative support, some 398 
support exists for linear or step linear models. 399 
When species were divided into deciduous and evergreen and analyzed separately, we 400 
found different models were favored (Supporting Information Table S6, Figure 6). Evergreen 401 
species again followed a sigmoidal (AICw = 0.71, median dAICc = 0.89) or sigmoid0 (AICw = 402 
0.29, median dAICc = 0.00) relationship, while deciduous were better fit by a linear relationship 403 
(AICw = 0.44, median dAIC = 0.00) in all reconstructions over sigmoidal (AICw = 0.12, median 404 
dAIC = 3.17) or sigmoid0 (AICw = 0.26, median dAIC = 1.6) models (although sometimes only 405 
slightly). Parameter estimates show that even when sigmoidal models were fit to deciduous 406 
species, relationships were more linear with a substantially shallower slope than in evergreen 407 
(Supporting Information Table S9). 408 
 409 
Discussion 410 
Data and theory at microevolutionary, demographic, and physiological scales suggest that 411 
environmental threshold (change-point) behaviors should be relatively common in nature 412 
(Donohue et al., 2015). Furthermore, ecological assembly theory is based around ideas of limits: 413 
environments filter species according to the most extreme conditions they can tolerate, with 414 
implications for both community assembly at a given place (Keddy, 1992) and species range 415 
limits (Sexton et al., 2009). Despite these predictions, we have been unable to test for such 416 
nonlinear limits across macroecological and macroevolutionary scales. This inability is due to 417 
data limitations--it requires a great deal of data to capture species range limits accurately--and 418 
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lack of appropriate macroevolutionary models.  419 
Here we tackle these challenges testing for nonlinearities in radiation of angiosperms into 420 
Earth’s cold and dry places. We find environmental limits were strong predictors of linear and 421 
nonlinear shifts in species’ trait values at both macroecological and macroevolutionary scales. In 422 
fact, minimum temperatures at quantiles where species are found but infrequent are better 423 
predictors of evolutionary shifts in conduit size than quantiles where species are frequent. 424 
Furthermore, our new macroevolutionary approach reveals both continuous and abrupt shifts in 425 
conduit size with changing minimum temperature limits for species, with key differences for 426 
species with alternate leaf phenologies.  427 
 428 
Macroecology of growth form and conduit size in response to ecological gradients 429 
Understanding how and why species array themselves along spatial and environmental gradients 430 
has long been a goal in plant ecology (Whittaker, 1965; Moles et al., 2009; Higgins et al., 2016; 431 
Weiser et al., 2017). Across our contemporary angiosperm flora, we found species’ 432 
environmental and latitudinal limits were strong predictors of functional traits of those species. 433 
Representations of temperature, precipitation, and latitudinal extremes were included in all top 434 
models. However, minimum temperature limits were the strongest environmental variable, with 435 
2.4 and 6.1x the influence of the next strongest environmental driver for growth form and conduit 436 
size, respectively. As in previous work (Judd, 1994; Zanne et al., 2014), we recover change 437 
points in these traits across freezing and with shifts out of the tropics with more herbaceous 438 
species or when woody, smaller conduits especially in evergreens. In fact, evergreen species with 439 
minimum temperature limits below freezing largely had conduits below the 0.044 mm diameter 440 
(i.e., 0.0015 mm
2
 cross sectional area) threshold (Davis et al., 1999), while deciduous species 441 
below freezing had conduits spanning this threshold. These results support suggestions that 442 
freezing-induced embolism risk shapes how plants are constructed (Cochard & Tyree, 1990; 443 
Sperry & Sullivan, 1992) when vascular pathways need to be maintained for long-lived leaves.  444 
While other environmental variables explained unique variation in plant traits (based on 445 
effect sizes), only minimum precipitation in growth form models had a reasonably large 446 
influence, albeit much smaller than minimum temperature. More herbaceous species were found 447 
as minimum precipitation declined, consistent with possibilities that many species solved 448 
problems of existing in dry conditions by avoiding these extremes with an herbaceous habit. 449 
Strikingly, we did not find evidence for a relationship between conduit size and minimum 450 
precipitation (Tyree & Zimmermann, 2002). 451 
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As leaf phenology is recorded for woody, not herbaceous, species, it was only included as 452 
a predictor in conduit size models. Much like minimum temperature, it was highly influential 453 
with deciduous species having larger conduits than evergreen. Others have found relationships 454 
between leaf phenology, seasonality, and freezing (Preston & Sandve, 2013; Vitasse et al., 2014); 455 
our results point to mechanisms for this. Our results imply that when plants do not need an intact 456 
vascular network throughout the year, they optimize that network for warmer, wetter conditions. 457 
In this case, larger conduits found in deciduous species should allow for faster hydraulic flow, 458 
transpiration, and photosynthetic rates, permitting plants to grow taller and/or carry greater leaf 459 
area (Tyree & Ewers, 1991; Tyree & Zimmermann, 2002; Gleason et al., 2012). While both 460 
evergreen and deciduous species were found at all latitudes, seasonalities, and minimum 461 
temperatures, deciduousness was rare for species with high minimum precipitation limits. 462 
Additionally, few species were deciduous and had small conduits (Figure 2). Together these 463 
results suggest that when rainfall is high, deciduousness is likely costly e.g., lost opportunities for 464 
fixing carbon (Sobrado, 1991; Kikuzawa, 1991; Valladares & Pugnaire, 1999; Givnish, 2002).  465 
 466 
Macroevolutionary change points in conduit optima as a freezing response  467 
From our macroecological models of conduit size, we found leaf phenology was the strongest 468 
predictor and minimum temperature was the strongest environmental predictor. We selected these 469 
variables from macroecological models to include in our two macroevolutionary model sets. In 470 
our first set, we examined importance of representing species’ distributions based on limits and 471 
central tendencies. We determined whether, in combination with leaf phenology, minimum 472 
temperature was a stronger predictor of conduit size evolution when estimated at lower limits 473 
when individuals of a species were infrequent (1st, 2.5th or 5th quantile) versus when individuals 474 
were frequent at central tendencies or upper limits (50th, 95th, 97.5th, or 99th quantile). We also 475 
tested for differences in optima and width of adaptive regimes among different groups in data 476 
based on leaf phenologies and whether they crossed freezing. In our second set, we tested for 477 
change points in trait evolution in coordination with a continuous predictor. Using our new 478 
evolutionary approach, we took results from the first set to select the quantile of minimum 479 
temperature to include when estimating functional form of relationships between conduit size and 480 
minimum temperature across evergreen and deciduous species.  481 
Our first set showed that in macroevolution, as in macroecology, it was the limits that 482 
best estimated shape of adaptive landscapes (Kraft et al., 2014). In predicting conduit size optima, 483 
models incorporating information on lower limits as species became infrequent at a given 484 
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minimum temperature (Figure 4) had significantly better performance than models incorporating 485 
information as species became common (central tendencies or upper limits). This is despite limits 486 
of distributions being inherently more difficult to estimate than central tendencies; this potential 487 
source of error makes our results, if anything, conservative estimates of relative importance of 488 
species’ limits. Moving forward, it will be important to examine what parts of species’ 489 
environmental regimes (upper versus lower limits versus central tendencies) are best coordinated 490 
with evolutionary shifts in trait values.  491 
Furthermore, we show that when models include leaf phenology in combination with 492 
minimum temperature at lower limits of species’ ranges, model fits were substantially improved 493 
(Figure 4). Such results suggest relatively simple scenarios where only the adaptive optimum 494 
shifts in correspondence with leaf phenology and species’ minimum temperature, while variation 495 
in width of adaptive regimes remained relatively constant (Figure 4). In particular, deciduous 496 
species and species with temperature extremes above freezing had higher adaptive optima. 497 
Additionally, both freezing exposure and deciduous leaf phenology had roughly equivalent and 498 
additive effects on conduit size evolution, with deciduous species in freezing having an optimum 499 
very close to predicted thresholds of 0.044 mm diameter (0.0015 mm
2
 cross sectional area) and 500 
evergreen species were substantially below that (Figure 4). Interestingly, our results imply no 501 
differences occurred in width of adaptive regimes for conduit size when the trait is considered on 502 
logarithmic scales (meaning, on the raw scale, evergreen species in freezing habitats should have 503 
narrower adaptive regimes). We had some expectation that when the strong selective pressure of 504 
freezing is absent for freezing-unexposed lineages, we would see greater variation in conduit size 505 
evolution (i.e., wider adaptive regimes). While we consider logarithmic scales as appropriate for 506 
evolutionary size variation (Gingerich, 1993), such changes may not be equivalent in organismal 507 
performance or functional constraints.  508 
Our OUwie analyses provide strong phylogenetic support that conduits are larger in 509 
tropical than temperate locations (Wheeler et al., 2007). However, to date, it has been unclear 510 
whether differences are related to discontinuous (e.g., freezing) or continuous (e.g., other effects 511 
of temperature on water transport such as viscosity) increases in conduit sizes with rising 512 
temperatures. Leaf phenology is especially relevant, as evergreen species must maintain leaves 513 
and vascular networks across environmental conditions where they grow, while deciduous species 514 
shed leaves as environments become seasonally harsh (cold or dry). Our second set of models 515 
provide convincing evidence for an overall sigmoidal relationship between minimum temperature 516 
and conduit size, with a change point indistinguishable from 0°C. Furthermore, when evergreen 517 
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and deciduous species were analyzed separately, only evergreen species drive this overall pattern, 518 
while deciduous species follow a simple linear relationship. These results indicate leaf phenology 519 
may mitigate effects of freezing temperatures on adaptive requirements of conduit size, but an 520 
overall positive relationship between conduit size and minimum temperature remains. Indeed, 521 
when comparing estimated curves when minimum temperatures were above freezing, the two 522 
curves appear similar (Figure 6). 523 
 524 
A new comparative method for estimating nonlinear relationships and change points 525 
Our new model estimates evolutionary optima in response to a continuous predictor, allowing 526 
optima to vary according to any type of continuous function specified by users. Our approach is 527 
similar to Hansen et al. (2008) but lets users compare different functional forms in relationships 528 
beyond linear fits. For instance, here we compared linear, sigmoidal, step, and linear-step 529 
functions using both Bayesian and Maximum Likelihood model selection frameworks. This 530 
flexibility comes at a slight cost. While Hansen et al. (2008) model predictors as evolving 531 
continuously by Brownian Motion, we discretize predictors into bins modelling them using 532 
discrete Markov models. This coarser treatment of predictors combined with limits on 533 
computational efficiency may cause some lost power (Boucher et al., 2017). However, we still 534 
detected differences in overall fit and parameter estimates among different models. 535 
We should note that we tested for functional forms that best describes data across all 536 
species, as well as when species were separated by leaf phenology. Examining species as 537 
evergreen and deciduous separately assumes transitions between these adaptive regimes never 538 
occurred or, at least, adaptation occurred instantaneously at these transitions. This assumption 539 
was made for the practical reason that accounting fully for two predictors would result in 540 
doubling the size of the (sparse) transition matrix; we currently cannot efficiently perform 541 
simmap reconstructions for more than 10 character states using the R implementation in phytools 542 
(Huelsenbeck et al., 2003, but see Irvahn & Minin, 2014). Our observation of low phylogenetic 543 
half-lives in model fits after accounting for dependency on freezing quantiles suggests this 544 
assumption is reasonable, as one would expect inertia from transitions between leaf phenologies 545 
to have phylogenetic signal not accounted for by freezing quantiles alone. Furthermore, we did 546 
not consider models in which width of adaptive regimes varied as a function of minimum 547 
temperature, as these models would be substantially more difficult to estimate and implement. 548 
Nevertheless, our OUwie analyses provide support for this assumption, as discrete adaptive 549 
regimes were not found to differ substantially in width. 550 
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The strength of our approach is it provides considerable flexibility in models we fit to 551 
comparative datasets. By utilizing “data-augmentation” approaches, we greatly simplify ability of 552 
researchers to design flexible models for which likelihood calculations may be difficult (Landis et 553 
al., 2013). Furthermore, by fitting functions to discretized predictors, we reduce number of 554 
parameters that need to be estimated. While here we examine optimum of an Ornstein-Uhlenbeck 555 
model as a continuous function of minimum temperature, in principle, any model for which a 556 
likelihood can be calculated across a simmap reconstruction can be fit to any continuous function. 557 
Furthermore, further development of hierarchical Bayesian models may allow joint modeling of 558 
evolution of intraspecific climatic niches, rather than relying on a two step-process for selecting 559 
quantiles as we have done (Kostikova et al., 2016).  560 
 561 
Conclusions 562 
Our study sheds light on coordinated evolution of environmental regimes and angiosperm 563 
functional form. These differences in form leave strong imprints in where we find species around 564 
the globe today. This study was made possible because of growing open and accessible databases 565 
on plant function (http://datadryad.org/; https://github.com/traitecoevo), names 566 
(http://www.theplantlist.org/), evolutionary relationships (Tank et al., 2013), distributions (GBIF, 567 
2017) and environmental regimes (Hijmans et al., 2004). In our study, we examined up to 568 
~38,000 angiosperm species, which, while considerable, is still only ~1/10 of known angiosperm 569 
diversity. As we still have large data gaps, we consider our results strong but preliminary 570 
evidence that minimum temperature limits, especially across freezing, are major predictors of 571 
functional evolution. As more species, traits, and distribution data are added, we can further test 572 
for coordination between freezing and trait evolution, as well as how freezing may limit species 573 
distributions. Arguably more important than the organismal insights gained, we think approaches 574 
developed to explore nonlinearities, such as limits and change points in species’ responses to 575 
environmental regimes should better align fields of biogeography, macroecological and 576 
macroevolutionary biology.  577 
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Figure Legends 791 
 792 
Figure 1. Plots of the proportion of taxa that are herbaceous vs. A. Minimum latitude, B. 793 
Maximum latitude, C. Minimum temperature, and D. Minimum precipitation (natural log), 794 
E. Maximum temperature seasonality, F. Maximum precipitation seasonality. Line thickness 795 
denotes number of species at that latitude with thicker lines denoting more species (see legend on 796 
panel A). 797 
 798 
Figure 2. Plots of conduit area versus A. Minimum latitude, B. Maximum latitude, C. 799 
Minimum temperature, and D. Minimum precipitation (natural log), E. Maximum 800 
temperature seasonality, F. Maximum precipitation seasonality. Both conduit area and 801 
minimum precipitation are natural log transformed. Deciduous species are represented by filled 802 
circles and evergreen species are represented by open circles. The dashed horizontal line is at 803 
0.0015 mm
2
 (i.e., the 0.044 mm diameter threshold above which freezing induced embolisms are 804 
believed to become frequent at modest tensions; Davis et al. 1999). For point colours see legend 805 
on panel A. 806 
 807 
Figure 3. Reconstruction of species entering freezing environments across the land plant 808 
(Embryophyta) tree of life. Ancestral states were reconstructed for visualization purposes by 809 
assuming a Brownian Motion model of evolution using the 2.5th quantile for minimum 810 
temperature. Branches are colored blue if reconstructed minimum temperatures for the ancestral 811 
node are below freezing. Major clades (Magnolidae, Monocotyledoneae, Superrosidae, 812 
Superasteridae) are denoted with labels and coloured lines on the outside of the phylogeny. 813 
Earlier diverging lineages in Embryophyta (bryophyte grade, lycophytes, monilphytes and 814 
gymnosperms) are included in the figure to contextualize freezing evolution in the Angiospermae. 815 
 816 
Figure 4. Distribution of the distance between the minimum AICc score and the best model 817 
across 20 stochastic character maps, with smaller values indicating less distance to the best 818 
model for a given reconstruction. Greater values indicate a relatively poorer model fit to the 819 
data; thus that models focusing on extreme temperature minima have the lowest values indicates 820 
that limits, not mean/quantile values, drive these data. “Phenology” indicates the model includes 821 
reconstructions of deciduous/evergreen character states, while “Freeze.xx” indicates the model 822 
includes a reconstruction of past presence/absence of lineages in freezing habitats based on one of 823 
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the 8 temperature quantiles across the environmental range of species (ranging from 0.01 to 0.99). 824 
Dark boxplots indicate 2-regime models, while light gray boxplots indicate 4-regime models. 825 
Boxplot whiskers indicate upper and lower 95% quantiles across simmap reconstructions. 826 
 827 
Figure 5. Distribution of trait values and model fit predictions for Ornstein-Uhlenbeck 828 
models fit to natural log of conduit area. The best-fitting model was the OUM model with a 829 
freezing threshold determined by tmin.025 combined with leaf phenology. The distribution of 830 
regimes across 20 simmap reconstructions is shown in the phenogram (left) and raw trait values 831 
(far right). Normal distributions for the OUM and OUMV models illustrate the predicted trait 832 
distributions at stationarity (σ
2
/(2α)) for each regime across all simmap estimates. Note that 833 
deciduous and non-freezing regimes are higher than equivalent evergreen and freezing regimes. 834 
The black dotted line is at 0.0015 mm
2
 (i.e., the 0.044 mm diameter threshold above which 835 
freezing induced embolisms are believed to become frequent at modest tensions; Davis et al. 836 
1999). 837 
 838 
Figure 6. Bayesian posteriors of estimates of best-fitting functional relationships between 839 
macroevolutionary adaptive optima for natural log of conduit area and minimum 840 
temperature at the 2.5th quantile of geographic distribution. Functions are fit separately for 841 
deciduous (gold) and evergreen (green) species. Best-fitting models for deciduous species are 842 
linear, whereas evergreen species follow a sigmoid relationship with the center around freezing 843 
(vertical dotted line). The horizontal black dotted line is at 0.0015 mm
2
 (i.e., the 0.044 mm 844 
diameter threshold above which freezing induced embolisms are believed to become frequent at 845 
modest tensions; Davis et al. 1999). 846 
  847 
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Table 1. Model comparison predicting growth from latitudinal and environmental range 848 
limits. Only a single model was found to have a δAIC < 4 during model search; that model (null 849 
deviance = 52983, df = 39669; residual deviance = 45325; df = 39661; pseudo r
2
 = 0.14) is 850 
presented here. All explanatory variables were z-transformed before analysis to make coefficients 851 
directly comparable and facilitate model averaging following (Grueber et al., 2011; Gelman et 852 
al., 2014). All estimates are on a logit scale. Note that, because only a single model is presented, 853 
no variable importance can be calculated (c.f. Table 2). 854 
 Estimate SE z p 
Intercept -0.96 0.03 -33.61 <0.0001 
Minimum temperature -0.87 0.03 -28.54 <0.0001 
Minimum precipitation -0.37 0.02 -16.25 <0.0001 
Maximum precipitation seasonality -0.22 0.02 -9.24 <0.0001 
Maximum temperature seasonality -0.25 0.03 -8.38 <0.0001 
Minimum latitude -0.28 -0.28 -13.87 <0.0001 
Minimum latitude
2
 0.27 0.02 11.52 <0.0001 
Maximum latitude 0.31 0.02 14.57 <0.0001 
Maximum Latitude
2
 0.10 0.02 4.37 <0.0001 
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Table 2. Model comparison predicting conduit cross sectional area from leaf phenology and 856 
latitudinal and environmental range limits. All coefficients are AIC-weighted averaged 857 
coefficients across the eight models with δAIC < 4 following (Burnham & Anderson, 2003; 858 
Bartoń, 2017); the exception to this is “Importance”, which is the percentage of models 859 
containing a term weighted by the AIC-weight of each model. We did not consider any models 860 
without an 'intercept' term and so we list its importance as 'NA' rather than '100%'. All 861 
explanatory variables were z-transformed before analysis to make coefficients directly 862 
comparable and facilitate model averaging following (Grueber et al., 2011; Gelman et al., 2014).   863 
 Estimate SE z p Importance 
Intercept -5.22 0.12 41.95 <0.0001 NA 
Minimum temperature 0.41 0.12 3.33 0.00086 100% 
Minimum precipitation -0.04 0.06 0.59 0.553 45% 
Maximum precipitation seasonality 0.07 0.08 0.84 0.399 58% 
Maximum temperature seasonality -0.02 0.09 0.26 0.793 29% 
Phenology 0.71 0.11 0.11 <0.0001 100% 
Minimum Latitude -0.12 0.06 1.83 0.068 100% 
Minimum latitude
2
 -0.48 0.10 4.84 <0.0001 100% 
Maximum latitude -0.32 0.10 3.21 0.0013 100% 
Maximum Latitude
2
 -0.22 0.07 3.04 0.0024 100% 
 864 




Figure 1. Plots of the proportion of taxa that are herbaceous vs. A. Minimum latitude, B. Maximum latitude, 
C. Minimum temperature, and D. Minimum precipitation (natural log), E. Maximum temperature seasonality, 
F. Maximum precipitation seasonality. Line thickness denotes number of species at that latitude with thicker 
lines denoting more species (see legend on panel A).  
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Figure 2. Plots of conduit area versus A. Minimum latitude, B. Maximum latitude, C. Minimum temperature, 
and D. Minimum precipitation (natural log), E. Maximum temperature seasonality, F. Maximum precipitation 
seasonality. Both conduit area and minimum precipitation are natural log transformed. Deciduous species 
are represented by filled circles and evergreen species are represented by open circles. The dashed 
horizontal line is at 0.0015 mm2 (i.e., the 0.044 mm diameter threshold above which freezing induced 
embolisms are believed to become frequent at modest tensions; Davis et al. 1999). For point colours see 
legend on panel A.  
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Figure 3. Reconstruction of species entering freezing environments across the land plant (Embryophyta) tree 
of life. Ancestral states were reconstructed for visualization purposes by assuming a Brownian Motion model 
of evolution using the 2.5th quantile for minimum temperature. Branches are colored blue if reconstructed 
minimum temperatures for the ancestral node are below freezing. Major clades (Magnolidae, 
Monocotyledoneae, Superrosidae, Superasteridae) are denoted with labels and coloured lines on the outside 
of the phylogeny. Earlier diverging lineages in Embryophyta (bryophyte grade, lycophytes, monilphytes and 
gymnosperms) are included in the figure to contextualize freezing evolution in the Angiospermae.  
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Figure 4. Distribution of the distance between the minimum AICc score and the best model across 20 
stochastic character maps, with smaller values indicating less distance to the best model for a given 
reconstruction. Greater values indicate a relatively poorer model fit to the data; thus that models focusing 
on extreme temperature minima have the lowest values indicates that limits, not mean/quantile values, 
drive these data. “Phenology” indicates the model includes reconstructions of deciduous/evergreen character 
states, while “Freeze.xx” indicates the model includes a reconstruction of past presence/absence of lineages 
in freezing habitats based on one of the 8 temperature quantiles across the environmental range of species 
(ranging from 0.01 to 0.99). Dark boxplots indicate 2-regime models, while light gray boxplots indicate 4-
regime models.  
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Figure 5. Distribution of trait values and model fit predictions for Ornstein-Uhlenbeck models fit to natural 
log of conduit area. The best-fitting model was the OUM model with a freezing threshold determined by 
tmin.025 combined with leaf phenology. The distribution of regimes across 20 simmap reconstructions is 
shown in the phenogram (left) and raw trait values (far right). Normal distributions for the OUM and OUMV 
models illustrate the predicted trait distributions at stationarity (σ2/(2α)) for each regime across all simmap 
estimates. Note that deciduous and non-freezing regimes are higher than equivalent evergreen and freezing 
regimes. The black dotted line is at 0.0015 mm2 (i.e., the 0.044 mm diameter threshold above which 
freezing induced embolisms are believed to become frequent at modest tensions; Davis et al. 1999).  
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Figure 6. Bayesian posteriors of estimates of best-fitting functional relationships between macroevolutionary 
adaptive optima for natural log of conduit area and minimum temperature at the 0.025 quantile of 
geographic distribution. Functions are fit separately for deciduous (gold) and evergreen (green) species. 
Best-fitting models for deciduous species are linear, whereas evergreen species follow a sigmoid relationship 
with the center around freezing (vertical dotted line). The horizontal black dotted line is at 0.0015 mm2 
(i.e., the 0.044 mm diameter threshold above which freezing induced embolisms are believed to become 
frequent at modest tensions; Davis et al. 1999).  
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